Numerous models have been developed over the last decades to simulate the fate of pesticides at the watershed scale. Based on a literature review, we inventoried thirty-six models categorized as management, research, screening or multimedia models, each of them having specific strengths and weaknesses. Given this large number of models, it may be difficult for potential users (stakeholders or scientists) to find the most suited one with respect to their needs. To help in this process, this paper proposes a pragmatic approach based on a multi-criteria analysis. Selection criteria are defined following the user's needs and classified in five classes: modelling characteristics, output variables, model applicability, possibilities to simulate best management practices (BMPs) and ease of use. The relative importance of each criterion is quantified by a weight and the total score of a model is calculated by adding the resulting weights of satisfied criteria. This selection framework is illustrated with a case study that consists in selecting a model to develop water quality standards at the watershed scale with respect to the implementation of BMPs. This resulted in the selection of three models: BASINS, SWAT and GIBSI.
Introduction
In integrated watershed management, non-point source pollution (NPS) models are needed to assess a priori the effects of agricultural practices on water quality at the watershed scale. In the case of pesticides, the use of models is particularly useful since field studies are costly and often difficult to implement. A wide number of pesticide fate models have been developed over the last decades. Most of them only simulate pesticide fate via runoff and leaching at the plot scale while the others simulate the different processes that occur from field application to water bodies. These models are either stochastic or deterministic, mechanistic or empirical, research or management oriented, applied on an event or a continuous basis at the scale of interest.
Each pesticide model has been developed for specific needs and conditions of use, and therefore has specific strengths and weaknesses. However, to our knowledge, very few studies reviewed and compared these models. Most existing intercomparison studies focused on the general applicability of the models and their ability to accurately predict streamflow, sediment concentration and, more rarely, nutrient concentration. For instance, Borah and Bera (2003) compared 11 NPS models including AnnAGNPS, DWSM, HSPF, MIKE SHE and SWAT, based on their mathematical characteristics. They also compared more precisely HSPF and SWAT based on all known applications of these models found in the literature (Borah and Bera 2004) . In another study, Neilson et al. (2003) compared WARMF and BASINS, taking into account their characteristics as well as the cost of implementation and use. Regarding pesticide fate assessment specifically, Gustafson (1990) compared SURFACE and HSPF on a watershed in the U.S.A. and showed that the former predicted pesticide concentration more accurately than the latter. All these studies provide useful but fragmentary elements for the selection of a model. In this context, it can be difficult for potential users (stakeholders or scientists) to find the most suited model regarding their specific needs.
The objective of this paper is to provide a framework to identify the models that may best satisfy the needs of use. To do so, we first present a brief description of existing watershed-scale pesticide models. Then, a pragmatic approach using a multi-criteria analysis is proposed to characterize and classify the models. This is illustrated by an application within the Canadian National Agri-Environmental Standards Initiative (NAESI) program which notably aims to develop water quality standards at the watershed scale with respect to the implementation of best management practices (BMPs) at the farm scale. It is believed that NAESI will lead to improved agricultural practices and environment health conditions throughout Canada.
Overview of Existing Models
Based on a literature review, we inventoried 36 models that can be used to simulate pesticide fate at the watershed scale. Obviously, this census is not exhaustive and other models certainly exist.
Pesticide fate models can be classified into different categories, namely research models, management models, screening models and multimedia models, as described below:
Research models are conceived to represent all known important processes in order to quantitatively and precisely assess the fate of pesticides under specific conditions. They are designed to be used for scientific research purposes. They are complex and tedious to use because they need a substantial amount of input data and require fastidious calibration. These are: ARM (Donigian and Crawford 1976b) , CPM (Haith and Loehr 1979) , Geo-PEARL (Tiktak et al. 2002) , GERIQEAU (Maison 2000) , MHYDAS (Moussa et al. 2002) , MIKE SHE (Refsgaard and Storm 1995; DHI 1998) , NPS (Donigian and Crawford 1976a) , POLA (Pinheiro 1995) , SHETRAN (Ewen et al. 2000) , SURFACE (Gustafson 1990) , UP (Sloan and Ewen 1999) and WASCH (Bruce 1973) .
Management models are mainly decision support tools designed to be used by stakeholders involved in the water management process. They are coupled with a relational database management system, a geographic information system (GIS) and a graphical user interface (GUI). In our literature review, the pesticide management models identified were: ADAPT (Desmond 1998) , AGNPS (which now regroups the old single-event model AGNPS and the annualized version AnnAGNPS, Young et al. 1987; Bingner and Theurer 2001; Yuan et al. 2001) , BASINS (Meyers et al. 2001) , CatchIS (Breach et al. 1994) , DRIPS (Röpke et al. 2004) , GIBSI (Villeneuve et al. 1998; Rousseau et al. 2000) , HSPF (Donigian et al. 1995) , IWMM (Chen et al. 1995) , LWMM (SFWMD 1995 ), NELUP (O'Callaghan 1995 , POPPIE or SWATCATCH (Hollis and Brown 1996; Brown et al. 2002 ), a regression model (Guo et al. 2004) , SWAT (Arnold et al. 1996) , WARMF (Chen et al. 1998 ) and WATERWARE (Jamieson and Fedra 1996) . It should be pointed out that these models are also used for research purposes. Some models such as ADAPT and MIKE SHE can be categorized into both research and management types. Note also that many of these models are based on existing models and sometimes share common components. For instance, MIKE SHE, NELUP, UP and SHETRAN are all based on the hydrological model SHE. In the same way, the pollutant transport components of GIBSI, CatchIS and BASINS are all based on that of SWAT. However, these tools present specific characteristics from the user's point of view and thus have to be considered as independent tools in our analysis.
Screening models are very simple models that give a qualitative comparison of the behaviour of pesticides under specific and limited conditions. Examples of such models are EPA Screening Procedures (Mills et al. 1985) and PRM (Haith 1980) . Multimedia (or fugacity) models are based on the representation of the environment in compartments corresponding to the different media (water, soil, air) and considered under steady-state conditions. Based on a given emission rate of pesticide, distribution between the different compartments is calculated by determining the exchange rates. CHEMCAN (Mackay et al. 1996) , CHEMGL (Zhang et al. 2003) and SoilFug (Di Guardo et al. 1994) are the main multimedia models used for pesticides found in the literature. This approach is useful as a first approximation at large scale but is somewhat imprecise.
The general complexity of models varies from simple empirical equations to mechanistic, distributed models that couple a hydrological model and a pesticide fate model and take into account all relevant physical, chemical and biological processes (i.e., atmospheric deposition, sorption, degradation, transport via runoff, erosion and leaching, and routing and fate in rivers). However, even if distributed models are somewhat powerful, they are also complex to implement and calibrate, and require much input data as well as important computational time in order to fully appreciate their potential.
The main characteristics of the 36 models are described in Tables 1 through 5. Some models are described in detail in reports or published papers with several application examples (e.g., SWAT). For others, such as older or marginal models, information was more difficult to find (e.g., SWAM). Table 1 indicates the kind of model (research, management, screening or multimedia). The majority are research or management models. Table 2 gives the spatial scale of application (small or large watersheds), the spatial distribution (distributed or lumped models), the temporal scale (single event or continuous) and the computational time step (from one hour to one month). Most of the models are designed for application on small watersheds (less than 100 km 2 ) using a daily time step to simulate the continuous fate of pesticides. Several models are not specific and can be used on a wide range of watershed sizes, and both for single events and on a continuous basis (e.g., HSPF). As depicted in Fig. 1 , there is a close relationship between spatial and temporal scales in these models. Modelling pollutant fate at a fine spatial scale (e.g., the field) implies accounting for processes that occur at a fast pace and, therefore, requiring a shorter time step. Table 3 summarizes which processes of pesticide fate are modelled. The principal processes that govern the fate of pesticides in agricultural watersheds are atmospheric transport (deposition and volatilization), sorption in soil, abiotic and biotic degradation, vertical transport, lateral transport and physicochemical processes in water (dilution, adsorption to sediments, degradation). Some of these processes are systematically taken into account by all models (e.g., sorption) but other processes are sometimes neglected (e.g., volatilization). This simplification limits the conditions of application. Most watershed pesticide fate models simulate only surface processes and surface water contamination but some of them also simulate leaching and groundwater contamination (e.g., CatchIS). The simulated processes also determine the kind of BMPs that can be taken into account by the model. Table 4 presents the complexity of required input variables as well as the output variables of the studied models. The models are heterogeneous regarding these points: some of them only need standard data (classical physical and topographic data to characterize the watershed and readily available meteorological data as inputs) while others require complex data. Half of the reviewed models supply pesticide concentration only at the outlet of the watershed but do not provide spatially distributed results. Most pesticide models (23 out of 36) also account for and simulate sediment and nutrient (e.g., phosphorus and nitrogen) transport. Table 5 presents model components that facilitate their use and analysis of simulation results: GIS, GUI, post-processing tools and management tools. Many models, especially the most recent ones, supply such tools which are useful for the assessment of BMPs. Management tools will help to define the BMPs while postprocessing tools will help to analyze their resulting effect on water quality. have been applied in the U.S.A. Only four models have been applied in Canada: AGNPS, Chemcan, GIBSI, HSPF and NELUP. It is also important to note that many models have not been validated yet as compared to observed pesticide concentration data, and when it was done, it only concerned one watershed. Therefore, it is difficult to know whether these models are robust enough to give accurate results under various conditions. Finally, the availability of models shows that the majority (19 models out of 36) were identified as free of charge and, often, readily available (i.e., downloadable) from the Internet. This rapid overview of existing pesticide fate models shows a wide range of characteristics and modelling approaches. Therefore, for the potential user, this first characterization highlights the ensuing difficulty of choosing a suitable model with respect to his or her needs. To help in this process, we propose a pragmatic selection approach using a multi-criteria analysis.
A Framework to Select a Suited Model
The general methodology is depicted in Fig. 2 and consists of two steps. This is illustrated by an example related to an ongoing project that aims at selecting a model to assess the effect of BMPs on pesticide concentration in surface waters.
Step 1: Pre-selection of Models Based on Identified User's Needs
As in any decision process, identification of the user's needs represents the first step. For this study (NAESI program) , the aim is to develop water quality standards 
The symbol "?" indicates that information was not found in the literature.
that will serve as reference to improve agricultural practices. Two types of standards should be determined:
(i) Ideal performance standards (IPS) which are based on ecotoxicological data and specify the desired level of environmental state needed to maintain ecosystem health. As current pollutant concentrations are often much larger than these IPSs, their achievement may imply radical and sometimes unrealistic changes in agricultural practices. (ii) Achievable performance standards (APS) which represent more realistic standards that could be achieved using recommended, best available processes, practices and technologies, including BMPs. Thus, to determine water quality APSs, we have to assess a priori the effect of several BMPs on water quality by using a mathematical model that simulates the fate of pollutants at the watershed scale.
Therefore, three major conditions were defined for the selection of models: (i) simulation of the effect of BMPs on pesticide concentration in surface water at the watershed scale; (ii) the possibility of applying the model on several watersheds throughout Canada, and (iii) the use of readily available data (meteorological data as input and streamflow and pesticide concentration data for model calibration).
Once these needs are identified, and in order to limit the comparative multi-criteria analysis to a reasonable number of models, a first selection was performed by eliminating old or undocumented models as well as models that clearly did not fit the requirements. The preselected models were AGNPS, BASINS, CHEMCAN, DRIPS, GeoPEARL, GERIQEAU, GIBSI, HSPF, MIKE SHE, NELUP, POLA, the Regression Model, SHETRAN, SoilFug, SURFACE, SWAT, UP, WARMF and WATERWARE. These nineteen models still represent a wide range of modelling approaches (management, research and multimedia models, empirical and mechanistic models) even if most of them are mechanistically based, distributed models using a daily time step.
Step 2: Selection of Models Using a Multi-criteria Analysis A multi-criteria analysis was adopted to rank models in a pragmatic and quantitative way. This step should be done in consultation with future users of the model. First, selection criteria must be defined, as well as their relative importance regarding user's needs (see Step 1). For this study, a total of 45 criteria were defined, subdivided into five classes: The relative importance of each criterion is then quantified by a weight ranging from 0 (indifferent) to 5 (necessary), noted Pi where i is the criterion index. Table 6 presents the different criteria and their respective weights (defined by the user). Only one criterion was identified as necessary and was attributed a weight of 5/5; the fact that the model should require few and easy to obtain input data. Other important criteria (4/5) are the continuous dynamic of the model, the range of watershed sizes on which it can be applied, the presence of management modules and the availability of documentation. For each of the nineteen models, we determine whether different criteria are fulfilled or not by the model. The variable N i k equals 1 if the criteria i is satisfied by the model, k and 0 otherwise. This is mainly done based on information gathered from the literature (Tables 1 to 5 ) but also requires, in some cases, further analysis of model components (e.g., for BMPs). Then, the final score, Sk, of model k is given by:
where n is the total number of criteria (45).
Note that a more quantitative approach could be preferred to this simple binary scheme if sufficient detailed information is available to quantify the level in which the model meets the criteria.
Results are given in Fig. 3 , expressed as a percentage of the score of an "ideal" model (i.e., meeting all the criteria). The five models with the best scores are BASINS (80 points, 92%), SWAT (74 points, 85%), MIKE SHE (71 points, 82%), HSPF (70 points, 80%) and GIBSI (66 points, 76%). Figure 3 shows that differentiation between models is mainly due to output variables, BMPs and user-friendliness. The model characteristics and classes of applicability are not as discriminatory as the others. In this approach, all criteria are considered independently of their class. The modelling characteristics class which contains numerous criteria has much more 288 Quilbé et al. The symbol "?" indicates that information was not found in the literature.
importance in the final score than the output variables class. It is also interesting to consider each class with the same importance by first calculating a score (in %) for each of them and then the mean of the five scores. The resulting ranking is roughly the same, with only MIKE SHE scoring better than SWAT. Figure 4 presents the performance of each of the top five models with respect to the different classes of criteria. BASINS appears as the most suited tool, meeting a large number of criteria. It is a complete decision support system developed by the U.S.A. EPA and is widely used in the U.S.A. Note that BASINS is not a specific model but rather an ensemble of data analysis and modelling tools. In particular, it offers the possibility to use either PLOAD, SWAT or HSPF for pollutant transport modelling, thus combining the advantages of these models and making it applicable in a wide range of conditions. The second model, SWAT, is a pollutant fate model which is also widely used in the U.S.A., especially for nutrient fate modelling. It was recently validated for pesticide fate modelling on a watershed (Neitsch et al. 2002) . One of the great advantages of SWAT is that it was developed to be applied on ungauged watersheds and, thus, does not, in principle, require a fastidious calibration procedure. This is why it gets a high score in the applicability class. The third model, MIKE SHE, is one of the most complex, existing, pollutant fate models, requiring numerous data and fastidious calibration. Therefore, it is mainly used for research purposes. Borah and Bera (2003) considered that this model was too complex to be applied in an efficient way on large watersheds. The fourth model, HSPF, is the most widely used pesticide fate model, mainly in the U.S.A., alone or integrated within BASINS. Unlike the majority of other models, it was specifically developed for that purpose. Many studies have tested the accuracy of HSPF to assess pesticide concentration in stream under various conditions, resulting in satisfactory results in most cases, but with a large overestimation of observed data in some cases (Klein et al. 2000) . It also has the advantage to be complete in terms of BMPs, with a specific module to define BMP scenarios. Nevertheless, as we can see in Fig. 4 , the main drawback of HSPF has to do with applicability: it is a complex model, difficult to set up and to calibrate. Finally, the decision support system GIBSI is based on the pollutant transport model of SWAT with improvements regarding the pesticide fate model (accounting for different land use on each spatial simulation unit and vertical fluxes in soil). GIBSI requires less data than SWAT, HSPF and MIKE SHE. As shown in Fig. 4 , the main drawback of GIBSI is the lack of options to account for BMPs in management scenarios. However, it is important to note that GIBSI, as the majority of models considered in this analysis, is still under development and that such options could easily be integrated. Obviously, this is just an example of application and this resulting ranking should not be interpreted as a universal intercomparison study of models. One model is not better than another but only more suited with respect to our specific need analysis. An application of this multi-criteria analysis regarding other uses would probably lead to a different ranking.
Selection of Three Models and Next Steps
These results are just theoretical and indicative since they are only based on model characteristics found in the literature. They need to be complemented by a finer and in-depth analysis that accounts for further information provided, for instance, by a detailed knowledge of a specific model. Finally, it also has to be complemented by a practical test to verify and compare the way the models effectively meet users' needs. The only rigorous way of doing this is to apply the models on the same watershed and compare the simulation results using the same data set. Obviously, this practical step is costly and time consuming. In some cases, the future user would consider that it is not worth doing so and that a choice based on literature information would be sufficient to choose a model. However, when the challenge is to find a model that is planned to be applied on several watersheds, it may be a way to avoid negative surprises and a waste of money and time in the long run.
Regarding the application case presented in this paper, three models were finally retained for a practical intercomparison on a pilot watershed. We chose the first two models given by the multi-criteria analysis, BASINS and SWAT. Regarding the third model, GIBSI was preferred to MIKE SHE or HSPF for several reasons. HSPF will be used as part of the BASINS package. Regarding MIKE SHE, it is costly, complex and requires data that are not available on most Canadian watersheds on which the selected model is planned to be applied. Finally, GIBSI presents the advantage to be already set up and partly calibrated on the pilot watershed (Chaudière River watershed, Québec, Canada). The next step will be to run these three models on this watershed and compare the results with measured pesticide concentration data over several years to finally select the best model. This model will then be applied on several representative Canadian watersheds to determine APS.
Conclusion
Numerous models can be used to assess the fate of pesticides at the watershed scale, with a wide range of characteristics regarding modelling components, simulated processes, time and spatial scales, applicability, management tools and ease of use. Each one is thus suited for specific conditions of application and needs of use. However, many users often choose a model for poor reasons (for instance only because it is already widely used) and spend time and money to apply it and finally find that it is not suited for their needs. In this context, this study demonstrates the interest of using a pragmatic approach to select one or several transport models. The proposed framework is not specific to pesticide fate models and can be easily adapted and applied for the selection of any type of model. It is well illustrated by the application case in which a model is needed to develop water quality standards that could be achieved by the implementation of BMPs: the multi-criteria analysis resulted in a strong discrimination of the models, showing that some of them might "do the job" while others would clearly not be suited for this kind of application. Our experience clearly showed the importance of the criteria definition step in the proposed framework, which should be done by future users in close dialogue with modellers. This work is an ongoing study. The three selected models will be applied and actually compared on a pilot watershed. When this step is completed, the chosen model will be applied on several representative watersheds across Canada to do what it will have been selected for. 
